Longevity is a major component of the breeding objective for dairy cattle in many countries because of its high economic value. The trait has been recommended for inclusion in the breeding objective for dairy cattle in South Africa. Linear models, random regression (RR) models, threshold models (TMs) and proportional hazard models (PH) have been used to evaluate longevity. This paper discusses these methodologies and their advantages and disadvantages. Heritability estimates obtained from these models are also reviewed. Linear methodologies can model binary and actual longevity, while RR and TM methodologies model binary survival. PH procedures model the hazard function of a cow at time t derived from survival from first calving to culling, death or censoring. It is difficult to compare methodologies for sire evaluation and ranking across countries because of the variation in the definition of longevity and the choice of model. Sire estimated breeding values (EBVs) are derived differently for the models. Sire EBVs from PH models are expressed as deviations of the culling risk from the mean of the base sires, expected percentage of daughters still alive after a given number of lactations, expected length of productive life in absolute terms or as standard deviation units. In linear, TM and RR modelling, sire EBVs for longevity have been expressed as deviations of survival from the mean estimated with Best Linear Unbiased Prediction (BLUP). Appropriate models should thus be developed to evaluate functional longevity for possible inclusion in the overall breeding objective for South African dairy cattle. ______________________________________________________________________________________
Introduction
In line with global trends in dairy cattle breeding, the South African dairy industry has adopted the balanced breeding concept (Banga et al., 2014) . This entails the inclusion of all economically relevant traits in the breeding objective. Traits such as longevity, cow fertility, udder health and functional efficiency have increasingly become important in national selection objectives, which were previously based on milk and component production traits alone (Carlén et al., 2005; Miglior et al., 2005; Sewalem et al., 2005a) . The breeding objective for South African Holstein cattle has already incorporated calving interval and somatic cell count (Banga, 2009) . Recent studies (Banga et al., 2013; recommend the inclusion of other traits such as live weight and longevity.
The economic value of longevity cannot be overemphasized, as it is directly related to total herd profit and profit per day (Gill & Allaire, 1976) . The trait has been reported to be important in South African dairy cattle, more so for the Holstein than the Jersey breed (Banga et al., 2013) . Length of productive life is reported to account for as much as 50% of the economic value of production traits (Jairath & Dekkers, 1994) . The high economic value of longevity has been attributed to the dynamics of the trait in herds that depend on the extent of voluntary and involuntary culling. A decrease in involuntary culling increases opportunities for voluntary culling and retention of high-yielding cows for longer periods. The corresponding increases in the proportion of higher-yielding mature cows and subsequent decline in the proportion of young cows allows older cows to reach their age-dependent maximum milk yield (Vukasinovic et al., 2001; Strapák et al., 2005) . This lowers costs associated with the supply of energy and protein to young cows, which require the nutrients to attain physiological maturity, pregnancy and lactation. Subsequently, farmers will have better control of production costs associated with rearing and purchasing replacement of heifers as there will be more heifers to sell (Van Arendonk, 1986; Forabosco et al., 2004; Banga et al., 2013) . Despite these obvious economic advantages, studies in South African dairy cattle have observed a decline in longevity and other fitness traits (Banga et al., 2002; Dube et al., 2008; Makgahlela et al., 2008) , probably because these traits were not included in the dairy cattle breeding objective in the past. To be included, this objective, longevity has to be evaluated. Accurate estimation of breeding values is thus a prerequisite to including the trait in the breeding objective.
Various approaches have been used to estimate breeding values for longevity, namely linear (e.g. Du Toit, 2011; Kern et al., 2014) , random regression (RR) (e.g. Van Pelt & Veerkamp, 2014) , threshold (TM) (e.g. Kern et al., 2014) and PH models (e.g. Sasaki et al., 2012) . Linear, TM and RR models generally produce lower estimates of heritability (0.01 -0.10) for longevity than PH models on original scale (0.15 -0.22). Linear, TM and RR methodologies can handle multiple trait models, thereby giving direct estimates of genetic correlations between longevity and other traits. However, PH models cannot handle multiple-trait models and can only perform univariate analysis. They are therefore unable to give direct correlations between longevity and type traits. Instead, through stepwise inclusion of type traits in the PH model, the contribution of each type trait to the relative risk of culling can be determined by estimating relative risk ratios. If all the other covariates in the model are kept constant, the contribution of the various type traits to the risk of culling can be determined.
Survival analysis was first proposed for use in animal breeding by Smith & Quaas (1984) for studying longevity in dairy cattle. Since then, the availability of appropriate tools and software to analyse longevity has seen many countries rapidly including the trait in the composite selection strategy for increased production and ultimately herd profitability (Sewalem et al., 2005b; M'hamdi et al., 2010) . This has not been the case with South African dairy cattle, although there has been some research on longevity (e.g. Setati et al., 2004; Du Toit, 2011) . In his study, Du Toit (2011) highlighted the shortcomings of the linear model approach authors were using to evaluate longevity in South African Jersey cattle and recommended the application of survival analysis through PH models. This paper reviews the various ways in which longevity has been defined in several studies, its economic importance in different populations and the models that have been applied for its genetic prediction. The estimates of heritability obtained from various models are summarised.
Trait definition
Longevity or survival measures follow-up time from a defined starting point to the occurrence of a given event (Beswick et al., 2004; Flynn, 2012) . It can be true or functional longevity. In true longevity, the reasons that animals leave the herd are not considered (Ducrocq et al., 1988) . When true longevity is adjusted for production, it gives an approximation of functional longevity (Ducrocq & Solkner, 1998) . Functional longevity therefore refers to the ability of an animal to delay involuntary culling, that is, the ability of the cow to avoid culling for reasons other than its milk production. This indicates the health, fertility and overall fitness of an animal (Bünger & Swalve, 1999; Zavadilová & Štípková, 2012) and is therefore of particular interest to the breeder (Vukasinovic, 1999) . Many measures of functional longevity have been proposed, namely age, number of lactations, length of productive life and lifetime production at time of disposal (Ducrocq et al., 1988) .
Longevity has assumed various trait definitions (Vollema & Groen, 1997; Brotherstone et al., 1998) , all of which are based on age at culling or death (uncensored) or censoring and survival to a given age or predetermined period within or across lactations (Jamrozik et al., 2008; Forabosco et al. 2009 ). It has been scored as a binary trait (e.g. Ajili et al., 2007; Holtsmark et al., 2009; Du Toit, 2011) , in which animals are scored based on whether they have survived up to a specific time, age or event, and analysed with linear regression (e.g. Du Toit et al., 2009 ) RR (e.g. Veerkamp et al., 2001; Van Pelt & Veerkamp, 2014) or TM models (e.g. Boettcher et al., 1999; Van der Westhuizen et al., 2001; Holtsmark et al., 2009) . The survival period could be limited to within lactation (e.g. Holtsmark et al., 2009) or could be across all lactations (e.g. Caraviello et al., 2004a; M'hamdi et al., 2010) . This definition is constrained because only animals with an opportunity to survive the entire specified period can be used in genetic analysis while records from the most recent animals are excluded. Besides, cows that are culled or where recording ended before the specified time are usually considered missing and excluded from analysis (Veerkamp et al., 2001) . In South Africa, longevity in Holstein cattle has been expressed as the number of lactations initiated among dairy cattle (Setati et al., 2004) . Maiwashe et al. (2009) and Van der Westhuizen et al. (2001) regarded longevity in South African beef cattle as stayability, defined as the probability that a cow would reach a certain age, given the opportunity to reach that age. However, Du Toit (2011) expressed survival in South African Jersey cattle as a binary trait, in which survival to the next lactation was determined based on the presence or absence of a subsequent lactation. Survival in a given lactation was coded 1 if the cow survived during that lactation; and 0 if the cow was culled during that lactation or if the number of days between the current calving and extraction date exceeded 581. Sewalem et al. (2005a; defined the length of productive life as time in days from one calving to the next calving, death or culling. Holtsmark et al. (2009) expressed longevity variously as herd life in the first lactation, calculated as number of days from calving to culling, censoring or second calving; and as herd life in the first five lactations, calculated as number of days from first calving to culling, death, censoring or sixth calving. Longevity was also expressed as survival scores for lactations 1 to 5, as well as survival to 365 days after first calving, after which an animal was scored 0 if it was culled before the 365 days, otherwise it was scored 1. Tsurunta et al. (2005) defined longevity as the total number of lactation days up to 84 months of age with restrictions of fewer than or equal to 305, 500 or 999 days per lactation, as well as number of days from first calving date to the culling date, including dry periods. Elsewhere, longevity was expressed as functional herd life (e.g. Chirinos et al., 2007) , which is the herd life of a cow adjusted for individual milk yield relative to milk production of the entire herd. Table 1 shows the longevity trait definitions that have been adopted for national genetic evaluation of dairy cattle for countries that participate in Interbull multiple-trait across-country evaluations (MACE) programme (Interbull, 2014) .
Economic value of longevity
The economic value of a trait is defined as the amount by which profit is expected to increase for each unit improvement in the genetic merit of that trait while all other traits in the breeding objective are held constant (Hazel, 1943) . Vargas et al. (2002) defined the economic value of a trait in dairy cattle as change in farm profit per average lactating cow per year because of one unit change in genetic merit of the trait of interest. Profit can be expressed as profit per day of herd life, profit per herd year and lifetime profit. In South Africa, Banga et al. (2013) reported increases in profit of between ZAR 3.59 and ZAR 3.68 for both pastureraised and concentrate-fed Holstein cattle and between ZAR 1.09 and ZAR 2.29 for pasture-raised Jersey cattle per day increase in longevity. Corresponding values for concentrate-based Jersey cattle systems ranged from ZAR 1.54 to ZAR 2.29. Elsewhere, Vargas et al. (2002) noted an increase of US$ 2.42 per cow per year per 1% increase in survival rate in Costa Rican Holsteins, which was within the range of US$ 1.35 to US$ 4.90 reported by Visscher et al. (1994) for Australian Holsteins. Rogers et al. (1988) observed an increase in net revenue per cow per year of US$ 22.00 following a reduction of 2.9% in involuntary culling rates and the subsequent associated increase in longevity.
In Iranian Holsteins, economic values for longevity were estimated under three schemes: profit maximization, maximum economic benefit, and economic minimization. Absolute profit increased with longevity by $ 6.20 and $ 36.33 per month under profit maximisation and maximum economic benefit schemes, respectively. However, profits declined by $ 20.40 per month for increasing in longevity with the economic minimization scheme (Sadeghi-Sefidmazgi et al., 2009) . Positive economic values support the incorporation of longevity in the selection objective for dairy cattle as a strategy for improving selection for net economic merit. These values have been reported to be sensitive to a reduction in the price of milk solids and population mean (Vargas et al., 2002; Banga et al., 2014) .
Modelling survival data

Nature of survival data
Longevity manifests itself as a threshold trait. Threshold traits are not continuous in their expression and exhibit distinct categorical phenotypes. The inheritance of such traits lies in the understanding that the trait has an underlying continuity with a threshold manifestation that imposes a discontinuity on its expression (Falconer & Mackay, 1996) . When plotted, longevity data are characteristically skewed to the left because a larger proportion of cows are usually in early lactation (Caraviello et al., 2004b) . Environmental factors that influence an animal's risk of culling at any given time may differ dramatically, based on prevailing conditions, and will probably change throughout its lifetime, rendering the factors time dependent (Caraviello et al., 2004a; Zavadilová et al., 2011; Flynn, 2012) . In any instance, survival data will have complete and incomplete records. Events such as culling and death may be known to have occurred and will therefore be uncensored. At the same time, animals may have been lost to follow-up and events such as culling and death may not be known to have occurred. Animals may also still be alive at time of analysis, so that only the lower bounds of their productive life will be known. Such records cannot be excluded from evaluation of survival, as this might lead to bias, and are therefore censored (Beswick et al., 2004) . Appropriate modelling strategies for such data should accommodate these unique characteristics without losing important phenotypic, additive and environmental variance information necessary for genetic evaluation .
Models for analysis
Linear, TM, RR and PH models have all been used in the genetic evaluation of animals for longevity. Table 1 shows the models used for national genetic evaluations of survival, depending on the definition of the survival trait by country. As of 2014, of the 20 countries on Interbull that were evaluating longevity at national level, more than 50% were using sire-maternal grandsire (S-MGS) of sire Weibull models to evaluate longevity. These included France, Netherlands, Spain, Germany, Czech Republic, Hungary, Poland and Italy (Interbull, 2014) . A sizeable number of countries were using the linear models in which survival is usually evaluated in single-or multi-trait analysis with animal, sire, maternal grandsire or sire-maternal grandsire survival models (Holtsmark et al., 2009) . In South African cattle, survival has been evaluated using a multiple-trait BLUP animal model (e.g. Setati et al., 2004; Du Toit, 2011) and TM models (e.g. Maiwashe et al., 2009) . Until 2006, genetic parameters for functional longevity in Japanese dairy cattle were estimated using a linear multi-trait animal model with direct effects of milk yield and seven conformation traits (Sasaki et al., 2012) . Countries such as Australia, Canada, Ireland and New Zealand use a multi-trait linear animal model to evaluate longevity in all dairy breeds. Great Britain uses a bivariate animal model for all breeds, while the USA and Israel evaluated longevity with a single-trait BLUP animal model for all breeds. Belgium is the only country that uses RR lactation survival animal models to evaluate longevity (Interbull, 2014) . Modelling survival for genetic evaluation of functional longevity has therefore not been standard across countries. These variations in modelling methods imply that sires cannot be compared and ranked across countries, although this depends largely on the correlation between these differently defined traits. Therefore, there is no universal system for sire evaluation and comparison as with production traits (Sewalem et al., 2005b) .
Linear models
Linear animal and sire models have been used by a number of researchers to evaluate survival (e.g. Caraviello et al., 2004a; Holtsmark et al., 2009; Du Toit, 2011; Zavadilová & Štípková, 2012) . In these analyses, indicators of longevity such as whether the animal was still alive at a particular time or at the beginning of a given lactation period were discussed and used (Vukasinovic, 1999; Holtsmark et al., 2009) . A value of time (t) on a time scale is decided upon and the record of each animal is converted into a 0 or 1 trait, depending on whether the animal is alive at time t or not. Longevity in this case is considered a binary trait, the analysis of which, excluding fixed effects, is based on the model:
where y ij (t) is 0 if the jth progeny of sire i is not alive at time t, and 1 otherwise; µ is the population mean; s i is breeding value of sire i on the binary scale and e ij are random residuals. Linear modelling of binary survival has been carried out in Canadian Holsteins (Boettcher et al., 1999) , Czech Fleckvieh (Zavadilová et al., 2009) , Norwegian Red (Holtsmark et al., 2009) , South African Jersey cattle (Du Toit, 2011), Italian Brown Swiss (Samoré et al., 2010) and others (e.g. Jamrozik et al., 2008; Zavadilová & Štípková, 2012) . Linear models have also been used to analyse survival based on actual and projected records, using currently available information (VanRaden & Klaaskate, 1993) . Models have been developed for projecting the herd life of cows still alive at time of analysis (e.g. Brotherstone et al. 1998; Caraviello et al., 2004a; Zavadilová & Štípková, 2012) and then applying linear models to the combined datasets with the actual and the projected herd life. The major advantage of linear modelling is its relative simplicity (Boettcher et al., 1999) and, as demonstrated by a number of researchers (e.g. Du Toit, 2011), its ability to run a univariate or multi-trait analysis with an animal, sire, maternal or maternal grandsire model, which is not possible with PH modelling. The major criticisms of linear models are that they make many incorrect assumptions, that the true survival times are continuous, and that they are not necessarily normally distributed (Yazdi et al., 2002) . Many reference times can be chosen, leading to loss of substantial information. Besides, animals that are culled or die one day or one year before the reference time are all treated in the same way, leading to incorrect evaluation of individual animals (Ducrocq et al., 1988) . In addition, survival times are derived from a product, rather than a sum of time-dependent and independent factors that influence longevity (Beilharz et al., 1993; Vukasinovic, 1999) so that if at least one of these factors is defective, the longevity of an individual animal is impaired (Ducrocq & Skolner, 1998) . This reduces the applicability and value of linear models in estimating genetic parameters for survival. Linear models are less appropriate for analysis of binary traits than for continuous variables such as milk yield (Boettcher et al., 1999) since the distribution of binary traits is discontinuous and therefore categorical. Analysing such data with linear procedures on the assumption of continuous phenotypic distributions ignores the discontinuity of such threshold traits. According to Gianola (1982) , the main theoretical objection to using BLUP with categorical data is that breeding values and residuals are not independent of each other. (Interbull, 2014) .
Although the variable of interest is time to death, culling or censoring, when data are analysed, culling or death may not have occurred for some animals. Where these events have occurred, the effect of independent variables on the variable of interest should be assessed, which, again is not easily accomplished through linear models. Furthermore, linear models assume that non-genetic factors that influence the time to culling or death have a constant effect throughout the life of the animal. The conditions to which animals are exposed are time dependent. Nor can linear models account optimally for time dependency of variables or non-linearity in data (Vukasinovic, 1999; Caraviello et al., 2004a; Zavadilová et al., 2011) . Nevertheless, linear models have been used to evaluate binary survival and absolute longevity in a number of studies (e.g. Tsurunta et al., 2005; Zavadilova et al., 2009; Du Toit, 2011) .
Random regression survival animal models
The RR models were first proposed by Henderson (1982) and Laid & Ware (1982) for use in cattle evaluation. However, it was not until 1994 that Schaeffer & Dekkers (1994) proposed their use for analysis of test-day production records in dairy cattle breeding. In 1999 Veerkamp et al. (1999) proposed their use for evaluation of survival through longitudinal generalization of the multiple-trait models. In RR modelling, binary observations (0 = culled, 1 = survived) are assigned to each discrete unit in the cow's lifetime, such as per lactation or per month after first calving, after which a linear model with RRs for an animal genetic effect can be fitted to this data for genetic evaluation. Breeding values for survival can then be generated for both cows and sires and for each point on the trajectory (Jamrozik et al., 2008) . Linear regression of observations of the trait under consideration on indicator variables is performed with the animals' additive genetic effects fitted as random effects. Since functions of time such as days in milk can easily be modelled within the mixed-model framework (Henderson, 1982) , trajectories can be described. The covariables are usually non-linear functions such as polynomials or splines relating time to the traits. Fitting sets of RR coefficients for each individual random factor (e.g. additive genetic and permanent environmental effects) produces estimates of the corresponding trajectories (Dzomba et al., 2010) . The univariate RR model can be extended to survival analysis and presented as follows (Schaeffer, 2004) :
where y ijklmno:t is the nth observation on the kth animal at time t belonging to the ith fixed factor and jth group; YS is the ith year-season of first calving, H is the jth herd, A is the kth age at first calving group, P is the lth production level as a deviation from herd average in first lactation, r(a, x, m1)k = ∑ = : is the notation adopted for RR function where a denotes the additive genetic effects of the kth animal, x are appropriate orthogonal polynomials of time, t, after first calving, a are the RR coefficients for additive genetic value of animal n, pe are the RR coefficients for permanent environmental effects of animal n and eijklmn:o is the residual effect.
The basic idea underlying RR models consists of modelling the additive genetic values as a function of an observed dependent variable through a set of random coefficients. Models used in genetic evaluation of animals through RR involve continuous functions to describe fixed and random effects. The EBVs are then predicted by continuous functions of deviations from each animal, considered random, in relation to average curve, considered fixed (Mota et al., 2013) . RR models have been used in dairy cattle breeding to evaluate production traits (e.g. Jamrozik & Schaeffer, 1997; Mrode & Swanson, 2004) and other traits such as susceptibility to mastitis and fertility (e.g. Carlen et al., 2005; Tsurunta et al., 2009) , conformation, body condition scores, feed intake, heart girth measures (Schaeffer, 2004) and survival (Jamrozik et al., 2008) .
The RR models can generate sire and dam proofs for survival for each point on the trajectory. They are relatively more robust to censoring data (Veerkamp et al., 1999) and have direct links with PH and generalized linear models. RR models can handle time-dependent fixed effects and offer scope for using multiple-trait analysis of yield, functional traits and survival (Veerkamp et al., 2001) . In addition, they can handle random animal effects, unlike PH models. The number of distinct genetic effects per animal can be optimized and it should be straightforward to estimate genetic and environmental correlations with other predictors of longevity, for example linear-type traits (Brotherstone et al., 1998; Jairath et al., 1998) . When compared with the multi-trait linear model approach to analysis of survival data, RR models have the advantage that fewer parameters are required to explain the genetic variation in lifespan (Veerkamp et al., 2001) .
Practical applications of RR models in animal breeding have been limited, however, owing to problems associated with the large number of parameters to be estimated, poor polynomial approximation and the need to analyse much larger sets of data, implausible estimates at the extremes of trajectories, and associated high computational requirements (Dzomba et al., 2010) . Besides, in extremes of the age range or when data are insufficient, the estimated parameters may not be accurate (Meyer, 1999) . By treating binary data as if they were continuous, and assuming uncorrelated normally distributed residuals in each lactation, the procedure ignores the effect of repeated records. More appropriate error structures would therefore be required (Veerkamp et al., 2001) .
Threshold models
The TMs include sequential threshold models (STMs), threshold repeatability models (TRMs) and threshold cross-sectional models (TCMs). In threshold modelling, survival is considered a binary trait, as in some linear modelling (e.g. 0 = alive at time t and 1 = dead at time t). The probit model postulates that a linear model with a non-linear relationship between the observed and underlying scale describes the underlying variable called liability (Gianola & Foulley, 1983) . A generalized linear model is therefore linked to the binomial trait with a probit link function. TMs have been used to evaluate survival to weaning in pigs (Cecchinato et al., 2010) , reproductive traits in South African beef cattle (Van der Westhuizen et al., 2001) and survival in dairy cattle (Holtsmark et al., 2008; . Holtsmark et al. (2009) evaluated survival within the first five lactations of Norwegian Red dairy cattle using a TRM, assuming a probit link function, and the threshold cross-sectional probit link model (TCM). Survival in this study was scored 1 if the cow had a calving k + 1; 0 if the cow was culled in lactation k; and missing if the cow was culled before the lactation or if recording period ended during lactation k. Animals that were culled on the same day they calved were given a herd life of 1.
The STMs (described by Albert & Chib, 2001 ) have been used to analyse the number of lactations per cow (functional discrete time survival) that occur in a sequential order (Gonzalez-Recio & Alenda, 2007; Holtsmark et al., 2009) . The basic principle of STM is that for an observation to be present in a given lactation, it must have survived through all previous lactations. This means that for any observation at a given stage, the animal must have passed through all previous stages (Gonzalez-Recio & Alenda, 2007) and, by implication, the method accounts for what occurred in the previous stages, thereby increasing reliability of the estimates obtained from it. This approach can describe the physiological or decision processes that occur in sequential order, and the model can handle large datasets. Sequential modelling, unlike PH modelling, is capable of using an animal model, but this increases computation time. Furthermore, STMs can accommodate time-dependent covariates and censoring (Gonzalez-Recio & Alenda, 2007; Cecchinato et al., 2010) .
The major drawback of TMs is that the heritability estimates obtained from them are from an underlying scale, yet the observed phenotypes are on the same scale as those for linear models. Selection on the EBVs from TMs would not yield greater genetic progress on the observed scale than selection on EBVs from linear model (Boettcher et al., 1999) . Further studies are needed to improve knowledge of the behaviour of STMs.
Proportional hazard models
The use of PH models in dairy cattle breeding was initially suggested by Smith & Quaas (1984) and is now widely accepted for analysis of functional longevity (e.g. Durr et al., 1999; Caraviello et al., 2004a; Mészáros et al., 2008; M'hamdi et al., 2010; Jovanovic & Raguz, 2011) . More than 50% of all member countries of Interbull that evaluate longevity use PH models with sire or sire-maternal grandsire models, although countries such as New Zealand, Ireland, Australia, Great Britain and USA still use the multi-trait animal or sire models (Potocnik et al., 2009; Interbull, 2014) . PH models are based on modelling the survival function, that is, the probability that an animal will survive past a specified time t; and the hazard function, that is, the instantaneous rate of failure (Ducrocq, 2005) . These two functions can differentiate between a cow that died at exactly time t and a cow that was last seen alive at time t, but may have survived several additional months or years. The model is based on the assumption that the hazard rate or risk is a product of a time-dependent baseline hazard and an exponential function of a series of explanatory variables, covariates (Ducrocq, 1997) . PH models assume that the covariates have a multiplicative effect on the baseline hazard rate. This implies that the ratio of the hazard rates of any two animals observed at any time t associated with any set of two covariates will be a constant with respect to time and proportional to each other.
These models do not always give the highest fit with current data, yet they are expected to estimate accurately the performance of future offspring of a sire (Holtsmark et al., 2009) . Furthermore, they assume that survival is the same trait throughout life, yet correlation between longevity in lactations 1 to 3 has been shown to be less than 1, implying that it is not one trait throughout life. Unlike linear models, PH models cannot account for non-random mating among animals (Jairath & Dekkers, 1994; Boettcher et al., 1999) . Besides, the software that is commonly used for survival analysis with PH models currently uses only univariate analyses (Veerkamp et al., 2001; Holtsmark et al., 2009) and therefore is unable to adjust for correlations between traits, a requisite for increased accuracy of evaluation of animals. Since there are no multivariate analyses, it is difficult to use indicator traits to estimate longevity early in life as most important information at that stage comes from predictor traits (Brotherstone et al., 1998) . Another limitation is that the software is not able to process the full animal model, restricting analysis to sire and sire-maternal grandsire models (Holtsmark et al., 2009) . This ignores the contribution of the cows mated to these sires to production performance of the daughters, especially when there is assortative or disassortative mating. Although PH models are considered optimal in a statistical sense, they may not be economically optimal (VanRaden et al., 2006) .
Despite the limitations associated with this approach, PH models have become the method of choice for analysing survival data because of their ability to handle censored data, to accommodate the non-normal distribution of survival data appropriately, and to incorporate time-dependent environmental effects (Ducrocq et al., 1988; Ducrocq & Casella, 1996) . Moreover, like mixed linear models, PH models can be extended to include random genetic effects (Ducrocq, 1997) , in which case these mixed survival models are referred to as frailty models. The PH models that are normally used in cattle evaluations are parametric Weibull models. Semi-parametric models, including Cox models, are not usually used. Weibull models have several advantages over Cox models. They allow stronger inferences to be made about survival times than Cox models. The output from the Weibull model relates directly to duration of survival, thereby allowing inferences to be made about the true event. Moreover, Weibull models incorporate non-constant hazard functions, unlike Cox models, which assume that the risk of an event remains constant throughout time (Flynn, 2012) . However, the Cox model is more flexible, since the hazard function is not restricted to any specific form. Although Cox models simultaneously explore the effects of several covariates on longevity, and allow the isolation of the effects of these covariates, the Weibull model assumes that the baseline hazard function, λ 0 (t) can be parameterized according to a specific model for the distribution of the survival times (Walters, 2009 ).
Model comparison
Statistically, it is difficult to compare results from models for binary data such as TM and RR with those for models for continuous data, for example linear models, because the models are on different numeric scales (Littell et al., 1996; Matos, 1997) . Different mathematical models have different link functions and different distribution functions are assumed for the response trait. Different link functions contribute to the problem of comparing mathematical models on different numeric scales. However, some comparisons have been carried out. The criteria used for such model comparisons include predictive abilities, estimated variance components, heritability estimates (e.g. Holtsmark et al., 2009) , correlations of estimated and true breeding values, proportion of sires' daughters that survived to specified end points, and ranking of sires between models (Jamrozik et al., 2008) . Holtsmark et al. (2009) compared TRMs, TCMs, linear multi-trait, linear repeatability, linear crosssectional and Weibull frailty models in terms of estimated variance components, heritability estimates, sire EBVs and predictive abilities. Sire variances for the first five lactations obtained with TRMs and TCMs were higher, at 0.09, than those obtained from the Weibull frailty model (0.0107) and linear models (0.01). Heritability estimates for survival for the first five lactations obtained from linear repeatability and crosssectional models, at 0.02, were lower than those obtained from TM and Weibull frailty models, both of which were 0.04. Predictive abilities for survival 365 days after first calving were highest for linear multi-trait models, followed by cross-sectional models (linear and threshold), repeatability models (linear and threshold) and Weibull frailty models. In the same study, the performance of sire EBVs from linear cross-sectional models and TCMs was similar to those obtained by linear and TRMs. This probably explains why in an earlier study, Meijering & Gianola (1985) found no practical differences in rankings of individual animals from linear models or TMs when traits were binary. However, sire EBVs from Weibull frailty models with data from first lactation only performed better than those from linear repeatability models, TRMs and Weibull frailty models with data from lactations 1 to 5 (Holtsmark et al., 2009) . This was probably because linear repeatability, TRM and Weibull frailty models for lactations 1 to 5 assumed genetic correlation of unity between survival in different lactations, although previous studies (e.g. Boettcher et al., 1999; Sewalem et al., 2007) indicated that survival in first lactation was distinct from survival in later lactations because the genetic correlation between survival in first and in later lactations was below unity.
In a simulation study, Jamrozik et al. (2008) compared Weibull, multi-trait linear and linear RR models based on the correlation between true and estimated breeding values (the accuracy of evaluation), proportion of sires' daughters that survived to specified end-points and sire ranking. With Weibull models, this correlation remained constant through time, while in evaluations with random regressions and multi-trait models, the accuracy of evaluation, measured by the correlation between true and estimated breeding values, increased with time, but remained lower than that obtained from Weibull models. Estimated breeding values obtained from multi-trait and Weibull models gave more similar sire rankings than those from PH models. Jamrozik et al. (2008) also reported better prediction of survived daughters from evaluations with multi-trait models than Weibull models. In fact, Weibull models showed poor performance in predicting the percentage of sires' daughters than MT models in early of a cow's lifetime.
Overall, sire EBVs from linear and TMs were found to perform equally well and better than those from Weibull models when predicting survival 365 days after first calving in second-crop daughters (Holtsmark et al., 2009) . Comparison of the models also showed that Weibull models were better at predicting functional longevity, while linear random models and linear multi-trait models were better at predicting overall survival (Jamrozik et al., 2008) . However, when examining the abilities of sire EBVs to predict survival to a given point, average general survival is measured rather than functional survival. This favours linear models (Jamrozik et al., 2008) . Earlier studies by Caraviello et al. (2004a) reported no significant differences in the predictive abilities of the Weibull frailty linear animal models for survival to second, third, fourth and fifth lactations. It would therefore be difficult to identify which of the models that are currently available is better for evaluating longevity in dairy cattle. Although operationally, linear models are simple to implement and require the least computing resources, they have been reported to be the least statistically appropriate for categorical and censored data. Neither linear multi-trait nor RR models were optimal in terms of statistical correctness (Jamrozik et al., 2008) , while TMs were found to be more appropriate for binary survival than linear models (Boettcher et al., 1999) .
Heritability estimates
Heritability estimates for survival traits differ among models. Unlike estimates obtained with linear, TM and RR sire models, those from PH models are expressed on a log linear scale, on an original scale or as effective heritability (Yazdi et al., 2002) . Heritability estimates from linear sire models have been found to be generally lower than those from threshold sire models. Table 2 shows heritability estimates for longevity estimated with PH sire, RR, threshold and linear animal and sire models.
Linear models
Linear models have generally been reported to produce lower estimates of heritability for longevity than PH models, suggesting increased accuracy of selection from the PH models (Boettcher et al., 1999; Ducrocq, 2002; Roxstrom et al., 2003; Sewalem et al., 2005b) . In his study, Du Toit (2011) reported heritability estimates in a range of 0.01 to 0.03 in South African Jersey cattle with both sire and animal models, in a multivariate linear model analysis of length of productive life as binary trait. Setati et al. (2004) published slightly higher estimates of 0.06 for South African Holsteins, using a linear animal model. Elsewhere, Zavadilová et al. (2009) reported estimates of 0.05 with a linear animal model in Czech Fleckvieh, while Tsurunta et al. (2005) published estimates of 0.08 to 0.10 in American Holsteins with a linear animal model and Gibbs sampling, respectively. Generally, these heritability estimates ranged from as low as 0.01 to as high as 0.20, depending on the type of linear model. Despite this wide variation, Holtsmark et al. (2009) pointed out that heritability estimates for survival as a binary trait, obtained with linear models, were frequency dependent, and heritability values from different studies could therefore not be compared directly.
Random regression models
In their study, Van Pelt & Veerkamp (2014) estimated genetic parameters for longevity in Dutch dairy cattle using RR models. Models used records of monthly survival up to 72 months from first calving and heritability estimated for monthly survival. If an animal survived to month i + 1, it was considered alive and scored 100. Those culled in month i were considered dead and scored 0. Using a sire-maternal grandsire (S-MG) model, heritability estimates for monthly survival ranged between 0.002 and 0.011 with higher estimates of heritability for the later periods. The cumulative heritability for the entire 72-month period was 0.15. These estimates for monthly survival were lower than those of 0.02 to 0.181 reported for national evaluations (Forabosco et al., 2009 ) and estimates of 0.01 to 0.07 from an earlier study by Veerkamp et al. (2001) with RR models in British dairy cattle. Estimates from Van Pelt & Veerkamp (2014) were also significantly lower than estimates of 0.12 -0.36 obtained from Canadian Jersey cattle using RR models (Jamrozik et al., 2008) . Generally, however, RR models produce lower heritability estimates than PH models.
Threshold models
Heritability for longevity has been estimated with TMs in Canadian Holsteins (Boettcher et al., 1999) , Spanish Holsteins (Gonzalez-Recio & Alenda, 2007) , South African beef cattle (Van Westhuizen et al., 2001) , South African Angus (Maiwashe et al., 2009) , Norwegian Red (Holtsmark et al., 2009) and Brazilian Holsteins (Kern et al., 2014) . Heritability estimates in dairy cattle breeds were generally low, ranging from 0.04 (Holtsmark et al., 2009) to 0.15 (Kern et al., 2014) . Estimates in beef cattle breeds, however, were higher, ranging from 0.08 (Van Westhuizen et al., 2001) to 0.30 (Maiwashe et al., 2009 ) probably owing to differences in trait definition between dairy and beef cattle. Heritability estimates obtained with a sequential threshold model were slightly higher at 0.11 (Gonzalez-Recio & Alenda, 2007) than those obtained for dairy cattle with threshold models, as expected, since STMs are known to increase reliability by accounting for what may have occurred in the previous stages. Estimated heritability estimates obtained with records from within lactation 1 and those from across all lactations up to lactation 5 were also reported to be low, but significantly higher than estimates obtained with linear models (Holtsmark et al., 2008; Holtsmark et al., 2009) , despite the different definitions of longevity. Earlier studies observed that if longevity was expressed as a binary trait, the difference in heritability estimates expressed on the underlying scale was negligible when linear and non-linear models were used. Theoretical and empirical results indicate higher estimates of heritability from TMs than from linear models (Boettcher et al., 1999) .
Proportional hazards models
Heritability estimates for functional longevity have been expressed on an original or a logarithmic scale with PH models. Ducrocq & Casella (1996) defined heritability on a logarithmic scale and modified under simulation to incorporate the tri-gamma function (γ) as used by Sasaki et al. (2012) and Terawaki & Ducrocq (2009) . Estimates of heritability on a logarithmic scale were deficient in terms of biological interpretation and were reported to have a weak relationship with reliabilities for genetic evaluations (Ducrocq, 1999) . Ducrocq (1999) transformed heritability on a log scale to the original scale (h o ), using Taylor series expansion, and found this provided good results for reliability of genetic evaluations when the Weibull parameter relating to the shape of the distribution (ρ) was close to 2. Large biases, however, were obtained if ρ was less than or close to 1 (Chirinos et al., 2007) . The heritability estimate on the original scale has a major advantage over the logarithmic scale. It gives good approximations of the true prediction error variance of the bulls, based on survival of their offspring. However, as a limitation, it estimates heritability using one of the two Weibull parameters, namely shape (ρ) and scale. These parameters have a relatively strong negative correlation, implying that different combinations can lead to similar fit of the data, but produce different heritability estimates (Yazdi et al., 2002) . Moreover, in some research the derivation and interpretation of heritability on the original scale have been considered dubious. Because of these limitations, Yazdi et al. (2002) developed an alternative formula to compute heritability under a normal Weibull PH model, expressed as effective heritability. This has been modified and extended for use in various situations (e.g. Roxstrom et al., 2003) because it accounts for censoring, unlike original and logarithmic heritability. Effective heritability calculates expected reliabilities of estimated breeding values as a function of the expected number of animals still alive at any given time (Mészáros et al., 2010) .
Generally, heritability for survival estimated on the original scale has been reported to be higher than estimates obtained on a log linear scale, which are consistent with estimates from linear models (Ducrocq & Skolner, 1998) . Heritability estimates on a log linear scale range from 0.05 to 0.10 (Caraviello et al., 2004b) , while on average they range from 0.15 to as high as 0.20 when determined on the original scale (Caraviello et al., 2004a) . Using the Weibull PH models, Mészáros et al. (2008) reported heritability estimates of 0.05 on a logarithmic scale in Croatian Pinzgau cattle. This concurred with the logarithmic estimates of 0.04 reported earlier by Van der Linde et al. (2006) and Chirinos et al. (2007) . However, these were much lower than earlier estimates of 0.16 to 0.22 (Ducroq, 1997 ), 0.12 (Egger-Danner et al., 2005 as well as 0.21 and 0.22 for true productive life and functional productive life, respectively, on an original scale (Bünger & Swalve, 1999) .
The wide variation in heritability estimates for animals in different regions and countries, as in linear modelling, can be attributed to differences in the magnitude of the genetic variation in cow longevity among regions, although this could be because of differences in the accuracy of sire identification, record keeping (Caraviello et al., 2004b) and precision of data analyses. Table 2 shows heritability estimates for survival obtained with various models. 
Predictors of functional longevity
A number of traits are used to predict longevity in dairy animals. These include conformation traits, production traits, somatic cell score, calving traits, cow fertility traits and likeability. Predictor traits may be included in net merit indices on their own or in combination with direct longevity, as in the USA, France and Belgium (Forabosco et al., 2009) . Recent studies have evaluated dairy form, body capacity, conformation score, rear leg set, hock quality, rump angle and udder traits as early predictors of functional longevity (Zavadilová et al., 2011; Zavadilová & Štípková, 2012) . The positive correlations between some of these traits and longevity imply the possibility of predicting longevity from other structural traits. Although the relationships between functional longevity and some type and conformation traits appear linear, other traits may have an intermediate optimum, beyond which culling risk increases when type scores deviate from this optimum .
Type and udder traits
Using linear models, genetic correlation between conformation/type traits and longevity were reported to range between −0.26 and 0.27 in Czech Holsteins (Zavadilová & Štípková, 2012) . Slightly higher estimates ranging between 0.36 and 0.50 were reported by Rodgers et al. (1999) and Tsurunta et al. (2005) . Earlier studies in Dutch Friesian cattle found higher correlations between subjective score for udder traits and longevity of between 0.77 and 0.93, which were attributed to probable upgrading of the Friesian breed by the Holstein (Vollema & Groen, 1997) . In South African Holstein cattle, Setati et al. (2004) reported correlations values of between −0.15 and 0.48 between conformation/type traits and longevity. Such correlations are relatively high and could probably be due to low emphasis on selection against poor type traits or durability at the time of study. Although linear models have been used widely to estimate correlation between type traits and longevity, they have their limitations, since the joint distributions are difficult to describe with common methods, if not impossible (Gonzalez-Recio & Alenda, 2007) . Damgaard & Korsgaard (2006) presented a Gibbs sampler for joint Bayesian analysis as an appropriate method for estimating correlation between a threshold character and a survival trait. This procedure, however, was reported to be computationally demanding. Gonzalez-Recio & Alenda (2007) proposed a bivariate sequential linear censored TM model for joint analysis of survival to next lactation and either 305-day standardised milk production, days open or number of inseminations to conception.
Type traits with the greatest influence on the risk of culling in dairy cattle have been reported to be those linked to udder traits (Larroque & Ducrocq, 2001; Schneider et al., 2003; Setati et al., 2004; Bouška et al., 2006; Zavadilová et al., 2009) . Udder-type traits contribute to culling, and hence affect longevity, probably through their influence on mastitis and other disease incidence. Cows with good udders are more likely to avoid voluntary culling than those with poor udders. The relative contribution of udder-type traits to risk of culling and hence likelihood of survival has been well documented (e.g. Bünger et al., 2001; Dadpasand et al., 2008; Zavadilová et al., 2011) . Some researchers have listed udder traits as having a significant impact on longevity. These udder traits, according to order of importance, are udder depth, fore udder attachment, front teat placement, udder support, udder cleft and teat length (Boettcher et al., 1999; Bünger & Swalve, 1999; Caraviello et al., 2003) . Dadpasand et al. (2008) observed a slightly different order for the risk of culling, which ranged between 0.78 and 1.73 for fore udder attachment, 0.89 and 1.64 for udder depth, 0.98 and 1.26 for fore teat placement and 0.75 and 1.07 for suspensory ligament, against a reference score class of 5 within the score range of 1 to 9. Udder depth has been reported to have the highest relative contribution to survival likelihood, and therefore had the highest effect on cow survival after correction for milk production (Bünger & Swalve, 1999; Caraviello et al., 2003; Zavadilová et al., 2011) . Dadpasand et al. (2008) , Sewalem et al. (2005a) and Caraviello et al. (2003; 2004b) reported an intermediate optimum for udder depth, implying that cows with very deep or very shallow udders were at high risk of being culled from the herds. Among US Jersey cows, udder depth scores of between 6 and 10 on a scale of 1 to 100 had 1.60 times more relative risk of involuntary culling than cows with scores between 21 and 25, while cows with udder depth scores of 41 to 45 had a relative risk of 0.70 times that of cows with scores of 21 to 25 . In the same study, cows with udder support scores of 6 to 10 on a scale of 1 to 100 were found to have a relative risk of culling of nearly 1.80 times that of cows with intermediate scores, especially at the lower end of the scale.
In Croatian Simmental cattle, cows that scored lower for suspensory ligament attachment, rear udder length and teat thickness had approximately 1.50 to 2.00 times higher risk of being culled than those with scores of at least 4 (Jovanovac & Raguž, 2011) . This concurred with results from Zavadilová et al. (2011) . Teat placement has also been reported to influence culling and therefore longevity in dairy cattle, probably because cows with extremely closely placed rear teats are more likely candidates for culling than those with extremely wide rear teats (Ducrocq, 2002; Schneider et al., 2003; Sewalem et al., 2005a) as they present problems of teat-cup placement, resulting in delays in the milking process, especially in large herds. In contrast, Zavadilová et al. (2011) reported a small contribution of teat placement to survival likelihood and hence functional longevity. Other studies, however, reported similar importance of fore-udder attachment, but observed the central ligament to contribute more to the relative risk of culling than rear-udder height and rear-udder attachment (Sewalem et al., 2004; Schneider et al., 2005) . Regardless of the order of importance, Larroque & Ducrocq (2001) pointed out that traits related to udder support, particularly udder depth and central ligament attachment, explained culling differences better than teat length and placement.
Conclusion
The relatively high economic importance of functional longevity justifies the decision to evaluate the trait genetically for inclusion in the overall breeding objective for dairy cattle. Multi-trait linear, TM, random and Weibull PH models can all be used to evaluate longevity in dairy cattle. The performance of these models depends on the definition of survival trait. No practical differences were observed in the ranking of animals when linear and TM models were used with longevity as a binary trait. In terms of statistical correctness, TM models are more appropriate for binary survival than linear and RR models. The high correlations between sire EBV from linear, TM and Weibull PH models observed in some studies imply that the survival trait in the linear sire model and TM models can be considered the same trait in PH modelling. Estimates of heritability for longevity obtained with Weibull PH models are generally higher than estimates obtained with TM, linear and RR models. Although RR models showed greater predictive abilities for overall survival than the Weibull and multi-trait linear models, the Weibull PH model is relatively better than linear and RR models for genetic evaluation of dairy cattle for functional survival, because it can handle time dependency and censoring in a relatively more robust way than the RR and TM models. Linear modelling cannot even handle these two phenomena, leading to possible loss of information from the analyses. Models that should be developed that use all the information optimally to accurately derive and apply genetic parameters estimated in genetic evaluation of animals for accurate sire ranking. Meanwhile countries can use any of the four models, namely linear, TM, RR and PH, depending on the nature and quality of the data.
